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Abstract 
Electric vehicle (EV) lifetime strongly depends on the intensity of battery degradation. In this study simulation models, which 
include battery ageing mechanisms were used to benchmark these influences on total depreciation during one charging process. 
A nonlinear programming algorithm was used to optimize EV charging for a fleet. An energy price signal was included and the 
total operational costs for EV charging were minimized. It can be shown, that the interior point algorithm evaluates the optimal 
solution to charge every single vehicle to the necessary capacity for the operation and obeys the load restriction at the charging 
location. This is shown for a case study incorporating twentytwo EVs for delivery services. 
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1. Introduction 
Electro mobility is one important contribution towards Germany’s energy political goal of decreased carbon 
dioxide emissions. Electric vehicles (EVs) are now operated both in private and commercial use, however the 
commercial use is currently focused [1], especially to accelerate the market introduction of EVs. The lifetime of EVs 
is strongly related to the intensity of the battery pack degradation when a replacement of the pack at its end of life is 
not considered. In addition, the purchase and operation of the traction battery pack in EVs has the biggest proportion 
of the investment cost. 
Todays research highlights mechanisms that shorten the lifetime of lithium-ion battery cells [2, 3]. Smart charging 
strategies based on Nash equilibrium [6], machine learning approaches for fast solving of complex non-linear 
approaches [7] and various charging concepts [5] have been investigated. 
In this paper a lithium-ion ageing model parametrized on thorough cell ageing test matrixes was included into an 
optimization algorithm to develop and analyse battery lifetime extending charging algorithms. The optimization 
model is specifically designed to be used for vehicle fleet operation as it takes the load restrictions of the charging 
location into account and has a relatively short runtime. It is presented here using an input data set generated from 
field tests. 
2. Model 
The model for optimized traction battery charging, which was implemented for this study describes the scenario 
of the charging process for a large fleet of EVs. The model is flexible in terms of EV battery technology parameters, 
charging location parameters and fleet usage profiles. In Table 1 the input parameters are listed. 
The total cost of the charging process can be separated into the cost for electricity and the depreciation cost 
 due to calendaric ageing. The estimation of optimized battery charging is only possible if the major 
degradation mechanisms are described and validated by an ageing model. The model development and 
parametrization for a high power pouch cell was done at cell level and was published in [3]. The authors exemplify 
ageing factors for lithium-ion high power pouch cells with a nominal capacity of 6ௗAh and a nominal voltage of 
3.6ௗV. The anode of the pouch cell consisted of hard carbon and the cathode of LiNi1/3Mn1/3Co1/3O2 (NMC) as active 
material. The authors developed a lifetime prediction model based on extended accelerated ageing test data. The 
cycle lifetime of the cell, cycled between 60ௗ% and 80ௗ%, was shown to be 30,000 equivalent full cycles (end-of-
life-criterion (EOLC): 70ௗ%). The ageing of the cell due to cycling is therefore neglected in the optimization. The 
calendaric ageing of the cell shows the expected dependencies on its temperature and state of charge (SOC). High 
cell voltages determine high SOCs, result in higher mechanical stress for the materials and subsequently lead to a 
shorter battery lifetime [2]. Elevated temperatures and a high SOC diminish the battery lifetime due to a capacity 
fade over time. Lifetime estimation includes a definition for the operational limitation, the EOLC, which was 
defined here to be 80ௗ% of the initial capacity. In [3] the authors fitted mathematical functionalities for the capacity 
fade of the cell due to calendaric ageing. The function used in this paper for the capacity fade is 
,   (1) 
where , , , , , ,  and  is given 
in weeks. 
For  (EOLC) equation (1) yields the lifetime L in weeks of the cell at voltage V and temperature T. 
   (2) 
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From equation (2) the lifetime of the cell with  and  amounts to 18.8 years. An increase of 
temperature by  results in an acceleration of ageing by a factor of  . An increase of 
 results in an acceleration factor of . The costs due to calendaric ageing  for the 
time step  at voltage  and temperature  are calculated with 
   (3) 
where  is the initial investment cost for the battery pack. 
A thermal equivalent model was used to simulate the temperature increase inside the battery pack caused by the 
internal resistance and charging current during the charging process. 
In this approach active cooling  and the arising cost of cyclic battery ageing are not considered. In this EV 
fleet application bidirectional charging is not considered. 
     Table 1. Input parameters of the model. 
Traction battery parameters: 
Capacity Geometry Maximum charging power 
Calendaric ageing function Investment cost Charging efficiency 
Geometry Thermal conductivity 
coefficient 
Thermal convection 
coefficient 
Charging location parameters: 
Load restriction Electricity price Temperatur 
Usage profile parameters: 
SOC of the traction battery upon arrival at the charging location 
Desired SOC of the traction battery upon departure from the charging location 
2.1. Optimization 
The solver objective function was specified for the charging process of the EV fleet with i EVs during a time 
period divided into j time steps in order to minimize the costs. Variation of the step size required a trade-of between 
run-time and accuracy and was set to be 15 minutes. The charging power  is the objective variable to be 
determined for minimal charging cost. The objective function for the minimization of the total cost is set to 
   (4) 
Furthermore, the solver had to obey two conditions that were included into the optimization problem as constraint 
functions. Firstly, the energy, which needed to be charged for each car, was defined in the scenario. 
   (5) 
Secondly, the load restriction at the charging location had to be considered. 
   (6) 
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The calculation of SOC and temperature was done recursively for each time step with length . The temperature 
rise was defined during one time step as 
   (7) 
where  is the number of cells in the battery pack,  is the inner resistance of one cell,  is the cell current, 
 is the heat capacity of the battery pack and  is the ambient temperature. The heat loss due to the ohmic 
resistance of the connectors and cables inside the battery pack is not considered. The new SOC after one time step 
was defined as 
   (8) 
where  is the SOC of the previous time step and  is the energy capacity of the battery pack. 
3. Scenario 
The solver was used to optimize the charging process of a fleet of twentytwo EV’s. The EV related input 
parameters are shown in Table 2 and the usage profile is shown in Figure 1. The load restriction at the charging 
location was  and the outside temperature was . The number of cells for a battery 
pack was chosen accordingly to the capacity. The heat generation inside the battery pack during the operation 
originates from losses inside the cells due to their inner resistance only. Losses due to connector and wiring 
resistance were not included in this scenario. The heat capacity  was calculated from a standard value from 
literature for lithium-ion cells  [8]. The heat transfer coefficient  was calculated from standard 
literature values [9] for convection inside and outside an aluminium box with a thickness of 1ௗcm. 
     Table 2.Vehicle data. 
Capacity Weight Number of 
cells 
Charging 
power 
    
Type 1 22ௗkWh 300ௗkg 1050 22ௗkW 6.25ௗmȍ 210ௗ  9.12ௗ  10000 Euro 
Type 2 36ௗkWh 490ௗkg 1715 22ௗkW 6.25ௗmȍ 343ௗ  10.72ௗ  15000 Euro 
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Fig. 1. Twentytwo electric vehicles are charged over night at one location. Type 1 vehicles arrive at 5 pm at the charging location and depart at 7 
am. Type 2 vehicles arrive at 6 pm at the charging location and depart at 6 am. 
4. Results and Outlook 
Figure 2 depicts the results of the optimization with a constant price signal. The functionality of the model to 
ensure the operation for the given operation profile is proven as the vehicles are charged to the desired SOC of 90ௗ% 
and the load at the charging point does not exceeded the load restriction. In order to reduce the costs related to 
calendaric ageing the charging process is shifted to the latest hours possible for each vehicle. This reduces the 
average SOC and the average temperature of the vehicle battery over time. Due to the low load restriction at the 
charging point the charging power for single vehicles does not exceed 7ௗkW. Therefore, the rise of the pack 
temperature is relatively low. The optimization regarding temperature will become more prominent if the thermal 
losses due to the connectors and wiring inside the battery pack are considered and the load restriction at the charging 
station is less stringent. Also for more thermal insulated packs the temperature plays a more important role in the 
optimization. 
In Figure 3 the results of the optimization with a changing price signal are shown. The price signal is known at the 
start of the optimization and does not change during the charging process. Different to the optimization with a 
constant price signal the result exhibits charging at earlier times due to an increasing step function of the electricity 
price. However, the charging process is shifted to the latest time for each price step in order to reduce the average 
SOC and temperature over time. 
In Figure 4 the charging process was not optimized regarding costs but regarding the time to charge all vehicles to 
an SOC of 90ௗ%. This is the standard use case with maximal charging from the time of arrival respecting the load 
restriction at the charging station. It is used as a reference for the cost due to calendaric ageing for the different 
scenarios. It can be seen that the optimizer charges the vehicles as quickly as possible. The average SOC and 
temperature of the battery packs are visibly higher for this optimization and lead to increased costs due to calendaric 
ageing. 
In Figure 5 the costs for the charging process due to calendaric ageing of the traction battery are shown. As expected 
the costs are maximal in the case when the time to charge all vehicles was minimized. The optimization taking the 
ageing and the variable electricity price into account reduced the cost by 73ௗ%. As expected the best result was 
reached for the optimization with the constant electricity price with a reduction of 75ௗ% with respect to the 
reference. In conclusion, the use of the optimization model and algorithm can significantly reduce the cost of the 
charging process of an electric vehicle fleet for the given battery cell. In the next step cyclic ageing cost are 
implemented together with grid subservient services (V2G), which requires the consideration of cyclic battery 
ageing. 
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Fig. 2. Optimization of the charging process for twentytwo vehicles with a constant price signal. Top left: Optimized charging power for all 
vehicles. Top right: Optimized SOC of all vehicles. Bottom left: Total load at the charging point. Horizontal dashed line shows the load 
restriction. Bottom right: Battery pack temperature of all vehicles. 
 
Fig. 3. Optimization of the charging process for twentytwo vehicles with a non-constant price signal. Top left: Optimized charging power for all 
vehicles. Top right: Optimized SOC of all vehicles. Bottom left: Total load at the charging point. Horizontal blue line shows the load restriction. 
Red line shows the price signal. Bottom right: Battery pack temperature of all vehicles. 
 
Fig. 4. Optimization of the charging process for twentytwo vehicles in respect to the time to charge all vehicles to an SOC of 90ௗ%. Top left: 
Charging power for all vehicles. Top right: SOC of all vehicles. Bottom left: Total load at the charging point. Horizontal green line shows the 
load restriction. Bottom right: Battery pack temperature of all vehicles. 
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Fig. 5. Costs due to calendaric ageing of the traction battery for three optimization cases. 
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